M arkowitz [1952, 1991] developed the mean-variance optimization (MVO) model to construct portfolios that optimally trade off risk and return. The three important ingredients in an MVO model are the alpha vector representing expected returns, the risk model that is used to measure the variance of the portfolio, and a set of constraints representing the portfolio managers' mandates and choices. Misalignment arises when the alpha vector is not completely spanned by the factors in the risk model. It results in the optimizer taking large exposures on factors that have systematic risk but are missing from the risk model. With constraints, misalignment appears between the implied alpha and the risk model. Misalignment in MVO results in optimal portfolios that suffer from risk underestimation, undesired exposures to factors with hidden systematic risk, a consistent failure of the portfolio manager to achieve ex-ante performance targets, and an intrinsic inability to transform superior alphas into outperforming portfolios; see Saxena and Stubbs [2013] and Ceria et al. [2012]. Saxena and Stubbs [2010] provided a theoretical framework to show that the alpha alignment factor (AAF) (Renshaw et al. Consider an MVO model with an investment universe of n assets. Let h i denote the weight invested in the ith asset. Let α i denote the portfolio managers' estimate of the expected return for the ith asset. We will assume that the risk is measured by a factor model. We will differentiate between two types of factors: alpha factors, which have a positive long-term risk premium, and risk factors, which explain the cross-section of asset returns but do not have such a long-term trend. Examples of alpha factors include value, momentum, and growth, while examples of risk factors include industries and countries. Let B A and B R denote the asset exposures to the alpha and risk factors, respectively. Let us suppose that the alpha signal is a linear combination of the factors in B A , i.e., α = B A ω. The risk model is given by
M arkowitz [1952, 1991] developed the mean-variance optimization (MVO) model to construct portfolios that optimally trade off risk and return. The three important ingredients in an MVO model are the alpha vector representing expected returns, the risk model that is used to measure the variance of the portfolio, and a set of constraints representing the portfolio managers' mandates and choices. Misalignment arises when the alpha vector is not completely spanned by the factors in the risk model. It results in the optimizer taking large exposures on factors that have systematic risk but are missing from the risk model. With constraints, misalignment appears between the implied alpha and the risk model. Misalignment in MVO results in optimal portfolios that suffer from risk underestimation, undesired exposures to factors with hidden systematic risk, a consistent failure of the portfolio manager to achieve ex-ante performance targets, and an intrinsic inability to transform superior alphas into outperforming portfolios; see Saxena and Stubbs [2013] and Ceria et al. [2012] . Saxena and Stubbs [2010] provided a theoretical framework to show that the alpha alignment factor (AAF) (Renshaw et al. [2006] ) alleviate the misalignment problem. Moreover, they present empirical results with the AAF showing improved ex-post performance. Saxena and Stubbs [2012] highlighted the efficacy of the AAF in addressing the misalignment issues that occur with the U.S. expected returns (USER) model; see also the foreword by Markowitz [2012] for comments on this approach.
Consider an MVO model with an investment universe of n assets. Let h i denote the weight invested in the ith asset. Let α i denote the portfolio managers' estimate of the expected return for the ith asset. We will assume that the risk is measured by a factor model. We will differentiate between two types of factors: alpha factors, which have a positive long-term risk premium, and risk factors, which explain the cross-section of asset returns but do not have such a long-term trend. Examples of alpha factors include value, momentum, and growth, while examples of risk factors include industries and countries. Let B A and B R denote the asset exposures to the alpha and risk factors, respectively. Let us suppose that the alpha signal is a linear combination of the factors in B A , i.e., α = B A ω. The risk model is given by = Ω + Δ 
where λ > 0 is an appropriate risk-aversion parameter, and Ah ≤ b is the set of all constraints imposed by the portfolio manager. For ease of exposition, we consider only linear constraints in the MVO model in this section.
The discussion can also easily be extended to include nonlinear constraints. Examples of portfolio constraints in the MVO model include asset bounds, sector exposure bounds, limit on the number of names, turnover, and so on.
Note that our risk model in (2) also contains the factors that are used in the construction of the alpha vector. Consider what would happen if the alpha signal is not spanned by all the factors in the risk model. First, consider the unconstrained case with Δ = σ 2 2 σ I s , i.e., all assets have the same specific risk. The alpha signal can be decomposed as
where
is the portion of α that is spanned by the exposures in the risk model and
is the portion of α that is orthogonal to the risk exposures. The optimal solution to the unconstrained problem is given by Lee and Stefek [2008] noted that the optimal solution is dominated by the first term that is simply α ⊥ B R scaled by the specific variance. So, the optimizer overweights α ⊥ B R relative to α B R in the final portfolio. In doing so, the optimizer takes excessive exposure to factors that have systematic risk but are missing from the factor risk model. This leads to the MVO model badly underestimating the actual risk associated with the optimal portfolio. Including the alpha factor or all its components in the risk model ensures that the optimizer correctly trades off the risk and the return of the alpha signal; in this case, 0
and α B = α, so only the second component of the optimal solution in Equation (4) is non-zero. Now consider the following risk model
that explicitly includes the alpha signal as a custom factor, in addition to the risk factors in the model. It is worth emphasizing that the difference between this model and the factor model in Equation (1) is that the former contains the alpha signal rather than its components that are in B A . This risk model is also aligned with the alpha signal in the unconstrained case. However, the constrained case is very different. Constraints introduce additional misalignment between the alpha vector and the factors in the risk model. To see this, one can use the theory of convex optimization to replace the constrained MVO model (2) with the following unconstrained model
is the implied alpha, where π contains the optimal dual multipliers to the linear constraints Ah ≤ b. Now suppose that the alpha signal is made of two factors α 1 and α 2 . Furthermore, assume that the MVO model has a constraint imposing an upper bound on the exposure that the portfolio takes to α 2 . Suppose the optimal dual multiplier to this constraint exactly matches the weight of α 2 in the alpha factor. For this example, the implied alpha is given by In other words, the implied alpha signal is a multiple of the α 1 factor. In this case, the implied alpha signal will be misaligned with the risk model (5) that contains only the alpha signal. On the other hand, the implied alpha signal is still aligned with the factor model (1) that contains both α 1 and α 2 in B A . This remains true for any value of π.
The optimal solution to (2) can be written as α . Note that α B I will generally explain a larger portion of α I with the original factor model (1) than a risk model that does not explicitly contain the alpha factors. Consequently, the second component along α B I in (8) is better represented in the optimal solution. Therefore, a better way to persuade the optimizer to correctly identify the systematic risk associated with taking bets on the alpha vector in the presence of constraints is to introduce each of the components of the alpha vector, namely the factors in B A , as factors in a custom risk model. We will use a custom risk model (CRM) that contains all the components of the alpha vector for a case study with the global expected returns (GLER) model in this article.
Our aim is to showcase the following desirable features of a custom model in this article:
1. Correct for risk underestimation. 2. Better represent the alpha signal in the final portfolio in an optimal risk-adjusted fashion. By doing so, improve the IR (information ratio) of the active portfolio, i.e., push the realized frontier upward. 3. Generate a more intuitive and useful ex-post performance attribution analysis of the portfolio.
The article is organized as follows: The next section describes the GLER model. The next two sections describe the construction of the custom risk model and the alpha signal for the GLER study. The following section presents the case study. We report our conclusions in the final section.
THE GLER MODEL
The GLER model uses fundamental valuation factors, which use reported earnings and other financial data and momentum (see Guerard et al. [2012b] , for the role of momentum in predicting asset returns) to construct expected return estimates for assets. Guerard et al. [2013a] have a detailed description of the GLER model. Guerard, et al. [2012a Guerard, et al. [ , 2013b integrated the USER and GLER models in several portfolio construction strategies to generate portfolios with attractive expost properties.
We will give a brief description of the important features of this model in this section as it pertains to our study. The GLER is a multi-factor model given by • TR = Asset return from period t to period t + 1;
• EP = Earnings-price ratio = earnings per share/ price per share; • BP = Book-price ratio = book value per share/ price per share; • CP = Cash-price ratio = cash f low per share/price per share; • SP = Sales-price ratio = net sales per share/price per share; • REP = Relative earnings-price ratio = earningsprice ratio/average earnings-price ratio over the past 5 years; • RBP = Relative book-price ratio = book-price ratio/average book-price ratio over the past 5 years; • RCP = Relative cash-price ratio = cash-price ratio/ average cash-price ratio over the past 5 years; • RSP = Relative sales-price ratio = sales-price ratio/ average sales-price ratio over the past 5 years; • CTEF = Consensus earnings-per-share I/B/E/S forecast, revisions, and breadth; • PM = Price momentum = price at time t−1 (a month ago)/price at time t−12 (a year ago); • e t = randomly distributed residual term. 
These estimates are altered over time as company attributes and investing fashions change. The GLER model is estimated using weighted latent root regression analysis to identify variables that are statistically significant at the 10% level; it uses the normalized coefficients as weights and averages the variable weights over the past 12 months.
The CTEF attribute is generated from forward forecast information. It is an equally weighted version of the following attributes The GLER attributes are available as ranks between 0-99, with 0 being the least desirable and 99 being the most desirable. These data are available on the last trading day of the month between January 1999 and November 2011. Note that nine of the attributes, namely, EP, BP, CP, SP, REP, RBP, RCP, RSP, and CTEF, are Value factors, while the PM attribute is a Momentum factor. We want to construct a custom risk model called CRM from BaseFund, which includes the GLER attributes, and excludes the Value and Short-Term Momentum factors for the GLER study in this article. We removed the Value factor since we have several proxies for Value among the GLER composite factors. Moreover, we remove the Short-Term Momentum factor because it is too shortterm for the strategy that we will consider in our study. Note that we retain the base model's Medium-Term Momentum factor in the CRM.
Collinear factors introduce estimation errors in the regressions used to estimate the factor returns; this is the reason that a weighted latent root regression was employed to calculate the coefficients in the GLER model. So we want to identify and coalesce the collinear factors. There is a high degree of collinearity between the various Value attributes. To highlight the collinearity issue, we construct a custom risk model called CollinearCRM from the Axioma fundamental model, WW21AxiomaMH (hereafter referred to as BaseFund), which includes the 10 GLER factors and excludes the Value and the Short-Term Momentum factors from BaseFund. Exhibit 1 contains a box plot of the variance inf lation factor (VIF) for six suspected collinear factors (EP, CP, REP, RCP, RSP, RBP) in CollinearCRM. The top and the bottom of the box represent the first and the third quartiles, and the band inside the box represents the median of the VIF distribution. Let us define the interquantile range (IQR) as the difference between the third and the first quartiles. The lower whisker of the box plot represents the value that is 1.5 IQR below the bottom of the box. Similarly, the upper whisker is the value that is 1.5 IQR above the top of the box. Values outside the whiskers are regarded as outliers and plotted with crosses. The high VIF values (>5) for some of the factors indicate multicollinearity in this risk model. We first conduct the following collinearity study of the GLER model: Carry out a square root of market-cap-weighted regression with an intercept term. Examine the beta coefficients, the t-statistics, and the coefficient of determination from the regression. 3. Coalesce the two most collinear factors from the VIF regression. A composite GLER rank factor is obtained by equally weighting the two collinear rank factors. We then standardize this composite factor using Step (1) and carry out the VIF regression in Step (2). The process is repeated until the VIF regression reveals that there are no collinear factors.
The collinearity study revealed that EP and CP were the two most collinear factors in the first round. Let us brief ly describe how we arrived at this decision. We run an end-of-month cross-sectional regression for all the standardized attributes between January 1999 and November 2011. Exhibit 2 plots the r-squared (coefficient of determination) for the EP and CP VIF regressions. Note that the r-squared values of the two regressions are high, indicating that EP and CP are collinear with other factors in the VIF regression model. Exhibits 3(a) and 3(b) contain box plots of the beta coefficients for the various factors in the EP and CP VIF regressions, respectively. Exhibits 3(c) and 3(d) contain the box plots of the t-stats in the EP and CP VIF regressions, respectively. These statistics indicate that EP and CP are highly collinear and need to be coalesced together. The EP-CP rank attribute was obtained by equally weighting these two attributes together. The second round revealed that RSP and RBP should be equally combined to form the composite RSP-RBP attribute. Finally, the third round revealed that REP, RCP, and EP-CP were collinear. So, the four attributes, EP, CP, REP, and RCP, were equally weighted together (25% weight each) to form the composite EP-CP-REP-RCP attribute. To summarize, we now have the following six composite attributes: 
Note that the equal weighting employed to construct the composite attributes in Exhibit 17 is arbitrary, but sufficient for our illustrative purposes.
CUSTOM RISK MODEL
This section will brief ly describe the steps used in the construction of a custom risk model for the GLER study. The primary custom risk model used in this article will henceforth be labeled as CRM. This custom risk model is generated from the BaseFund model. It includes Recall that we have the GLER rank attributes for the last trading day of each month between January 1999 and November 2011. We first construct a matrix of daily factor exposures for each trading date between January 1999 and November 2011. This matrix includes the standardized GLER composite factors as well as a subset of the Axioma style, industry, country, currency, and global market factors from the fundamental model. The standardized GLER composite factors from the last trading day of a month are used as proxies for all the trading days for the succeeding month, excluding the last trading day for which data are available.
The CRM is constructed in the same way as BaseFund except for the difference in the style factors. We employ a robust regression scheme to construct the factor returns from the factor exposures and asset returns. The factor covariance matrix is then constructed from these factor returns. We refer the reader to Axioma [2013] for more details. To recap, some of the original GLER attributes were combined to avoid collinear factors. This is done to reduce the estimation errors in the regressions that generate the factor returns. Exhibit 4 contains a box plot of the variance inf lation factor (VIF) for each of the GLER attributes in the final model. A word on how we computed the VIFs is in order. The VIF for a composite GLER factor is obtained by regressing this factor against all the styles in the custom model. We use a weighted regression, with the weights determined by the robust regression (to estimate factor returns) used in the construction of the risk model. This regression is carried out on each trading day between the end of January 1999 and the end of attributes are below 5. Therefore, coalescing the original 10 attributes into 6 composite attributes did alleviate the multicollinearity issue among these attributes.
GENERATING AN ALPHA FROM COMPOSITE GLER ATTRIBUTES
We will brief ly describe how we generate our primary alpha signal, hereafter labeled Alpha1, from the GLER composite attributes in this section. We do so by first transforming these rank attributes into portfolios. A factor mimicking portfolio (FMP) is a long-short, dollar-neutral portfolio that represents a factor. Let B A denote the factor matrix containing the standardized GLER composite attributes. We standardize the rank attributes by subtracting the market-cap-weighted mean over the estimation universe of the fundamental model and dividing the result by the equally weighed standard deviation about the market-cap-weighted mean as described in the section on the GLER model. Let 
where W is a diagonal matrix containing the square root of the asset market caps, and e j is the vector with 1 in the j th position and zeros elsewhere. Note that the FMP associated with an attribute has an unit exposure to this attribute and is neutral to all the other factors in the risk model. The FMP returns represent the pure attribute returns. In the Axioma fundamental model, these returns are computed using cross-sectional regressions. We use the square root of market cap weighting in the FMPs so that it is consistent with the initial weighting employed in the robust cross-sectional regression in Axioma's fundamental model. Our alpha signal for the study is given by
T is the total number of time periods, and r t and h jt denote the time series of realized asset returns and FMP holdings, respectively. We generate Alpha1 for the GLER study from the composite GLER factors as follows: For each of the 6 composite GLER factors, we run an end-of-month backtest between January 1999 and November 2011, where each rebalancing constructs an FMP for the appropriate factor by solving (10). The FMP investment universe in each period includes all the assets in the GLER attribute that are also in the BaseFund model. The B A matrix for each FMP includes the 6 composite GLER attributes, and the B R matrix includes all the factors in the BaseFund model, excluding the Value and Short-Term Momentum styles. The composite alpha signal is then constructed using (11), where the weights in (12) represent the longterm average returns of the FMP portfolios.
Exhibit 5 contains a box plot of the monthly returns of the 6 FMP portfolios between the end of January 1999 and the end of November 2011. Exhibit 6 contains the annualized average FMP returns for these 6 composite attributes.
ILLUSTRATIVE EXAMPLE
In this section, we present an outline of the GLER study in the first subsection. The second subsection illus- 
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trates the use of our custom model CRM in improving risk underestimation and IR in the MVO model. The third subsection highlights the intuitive and helpful expost PA summary given by CRM.
GLER Study Setup
We first describe the GLER study that is used to highlight the role of the custom risk model. We want to combine the GLER attributes EP, BP, CP, SP, REP, RBP, RCP, RSP, CTEF, and PM into a composite alpha signal that delivers a high IR in an end-of-month rebalancing between January 2000 and November 2011. These attributes are available on the last trading day of the month between January 1999 and November 2011. We can use the risk model of our choice to measure the risk taken by the portfolio. We experiment with the BaseFund model, the Axioma statistical model WW21AxiomaMH-S (hereafter referred to as BaseStat in this article), and our custom model CRM. The section on the custom model describes the construction of CRM. The investment universe during each rebalancing period includes all the master assets that are also in the risk model employed in the optimization; the size steadily increases from 8,000-odd assets in January 2000 to 10,500-odd assets in November 2011. The portfolio also must satisfy the following mandates.
1. Long-only and fully invested portfolio. 2. Target a realized active risk of 4% with respect to a global cap-weighted benchmark. 1 The strategy has a tracking error constraint with respect to this benchmark and the chosen risk model to achieve this goal. 3. Asset bounds of 4%. 4. Minimum threshold holdings of 0.35%. 5. Maximum round-trip turnover of 16%.
We construct a composite alpha signal called Alpha1 from the 6 composite GLER factors, where the weights are based on the long-term expected return of the FMPs corresponding to these factors (see Exhibit 6). Exhibit 7 contains these weights.
Use of Custom Model in Improving Risk Underestimation and IR
We run three end-of-month frontier backtests with the Alpha1 signal that use the BaseStat, BaseFund, and CRM custom risk models. The three resulting portfolios are labeled as Alpha1-BaseStat, Alpha1-BaseFund, and Alpha1-CRM, respectively. The turnover constraint is allowed to be relaxed during the backtest in order to achieve a feasible rebalancing in each period. Exhibit 8 presents the realized backtest summary for the Alpha1-BaseStat portfolio for TE varying between 1.9% to 7%. Note that the BaseStat model underestimates the risk associated with the portfolio. The bias statistic (ratio of the realized risk to the predicted risk) is around 2.1. Running the backtest with a TE of roughly 1.9% gives a portfolio with a realized risk of 4.0%, and the IR of this portfolio is 1.02. Exhibit 9 presents the backtest summary for the Alpha1-BaseFund portfolio for TE varying between 2.7% to 7.0%. The BaseFund model also underestimates the risk associated with the portfolio, though to a lesser extent. The bias statistic is around 1.5. Running the backtest with a TE of roughly 2.7% gives a realized risk of 4.0%, and the IR of this portfolio is 1.02. Exhibit 10 presents the realized backtest summary for the Alpha1-CRM portfolio for TE varying between 3.0% to 7.0%. The CRM has a bias statistic of 1.15; it has the least risk underestimation among the three risk models. The perceptive reader might wonder why the CRM model also underestimates risk when there is no misalignment between the alpha factor and the risk model. This is due to the misalignment between the implied alpha and the risk model, especially caused by the asset bound and turnover constraints that are unlikely to be spanned by the factors in the risk model. Running the backtest with a TE of roughly 3.5% gives a portfolio with a realized risk of 4.0%, and the IR of this portfolio is 1.48. Exhibit 11 plots the realized frontiers (realized return versus realized risk) for the Alpha1-BaseStat, Alpha1-BaseFund, and Alpha1-CRM portfolios for varying TE. Clearly, the CRM is able to push the frontier upward in addition to correcting for risk underestimation.
Exhibit 12 compares the average predicted risk and the realized risk associated with these three portfolios. The average predicted risk is also subdivided into the factor and specific risk portions. Clearly, the BaseStat model is underestimating total risk. Moreover, this model is attributing most of this total risk to the specific risk, and the predicted factor risk is very small. The predicted specific risks for BaseFund and CRM are about the same Since the ex-ante total risk as seen by CRM is larger than BaseFund, the CRM is correcting for risk underestimation by better capturing the systematic risk of the portfolio. Also, note that the risk underestimation is most severe when the same risk model is used to both generate and measure the risk of the portfolio. Performance attribution results with the custom risk model are presented in Exhibits 13 and 14. The three portfolios in Exhibit 13 all have a realized risk of 4% over the duration of the backtest, so it is instructive to compare their realized active returns over this period. The Alpha1-CRM portfolio has a realized active return of 6%, compared to 4.26% and 4.15% for the Alpha1-BaseStat and Alpha1-BaseFund portfolios, respectively. Furthermore, Exhibit 13 indicates that the extra active return for the Alpha1-CRM portfolio comes primarily from bets on the GLER (custom) style attributes. Exhibit 14 shows the return contributions and the exposures taken by the three portfolios to the GLER and Axioma style attributes in the custom risk model. Note that the Alpha1-CRM portfolio consistently takes large positive exposures on the GLER attributes, and these, in turn, translate into better realized active returns. All portfolios take a negative exposure to the GLER PM attribute, and Axioma's Growth and Medium-Term Momentum attributes. Exhibit 15 gives the average exposure of the benchmark to the GLER attributes. The benchmark takes large negative exposures to the BP and SP attributes. To target a realized risk of 4%, we had to generate the Alpha1-BaseStat and Alpha1-BaseFund portfolios with TEs of 1.9% and 2.7%, respectively, as opposed to 3.5% for Alpha1-CRM. Since the Alpha1-BaseStat and Alpha1-BaseFund portfolios need to track the benchmark more closely on an ex-ante basis, they take smaller exposures to the GLER attributes, especially SP and BP. The Alpha-CRM portfolio gets most of its active return from SP and BP, as can be seen in Exhibit 14.
We mention in the introduction that simply adding the alpha factor in the risk model is not enough to address the misalignment that is caused by constraints. To illustrate this case, we construct a second custom risk model labeled CRMCompositeAlpha from BaseFund, as follows:
1. Add the Alpha1 signal as an additional style factor. 2. Remove the Short-Term Momentum factor in BaseFund. 3. Retain the Value factor in BaseFund that was removed in the CRM model.
We run a frontier backtest with the CRMCompositeAlpha model and the Alpha1 signal with TE varying from 3% to 7%. Exhibit 16 presents the frontier backtest summary. The left-hand panel of Exhibit 17 compares the realized frontiers of these two risk models. The original custom model CRM that has all the constituents of the alpha signal is better able to push the frontier upward. Note also that CRM has a bias statistic In general, the aligned alpha signal Alpha1 is better able to push the frontier upward. Moreover, the portfolio generated with the aligned signal has a lower bias statistic when targeting a realized risk of 4%. We generate three other alpha signals: Alpha2, Alpha3, and Alpha4 from the 6 GLER attributes and Axioma's Growth factor as described in Exhibit 19. The BaseFund portfolio has a larger allocation along α ⊥ B I , i.e., the portion of the implied alpha that is orthogonal to the factors in the risk model in each rebalancing period (since it has fewer factors than CRM), where it does not see any systematic risk. It is possible that some of these allocations, though uninformed, pay off handsomely, giving the portfolio a high IR.
We now look at how an aligned risk model is better able to allocate risk, which generally leads to improved IRs over long periods. Each of the risk models views the risk in the alpha factors differently. To examine how the three risk models are trading off the risk and the return of these factors, we construct FMPs for the six GLER factors at the end of September 2008. We then compute three covariance matrices (in the dimension of the FMPs)
where h i is the FMP corresponding to factor i, and Q is CRM, BaseFund, and BaseStat in turn. Note that
is our optimal portfolio. We solve a simple mini-MVO problem for each risk model to determine the weights w used in the optimal portfolio. The mini-MVO maximizes the alpha signal that is given in Exhibit 7. It has only a risk constraint with a right-hand side of 4%. The upper triangular portions of the three covariance matrices are given in Equations (13), (14), and (15) Clearly, the three risk models view the risk in the GLER factors differently, so the optimal weights in (16) are different as well. Let us highlight some of the prominent differences. Comparing the covariance matrices for CRM and BaseFund, we see that BaseFund believes that RSP-RBP is positively correlated with all the other factors, while CRM considers RSP-RBP to be positively correlated with PM and SP and negatively correlated with EP-CP-REP-RCP, BP, and CTEF. Moreover, BaseFund sees very little risk in the SP factor, while 
CRM considers SP to be the most risky factor, although both models consider SP to be relatively uncorrelated with the other factors. These different views explain the different weights assigned to RSP-RBP and SP by the optimizations that use these two models. We repeat the mini-MVO optimization on the last trading of the month between January 2000 and November 2011. Exhibit 29 contains the box plot of the factor weights for the mini-MVO optimizations with the CRM and BaseFund models. Note that the weights from the BaseFund optimization are more leveraged than those obtained with CRM. Also, the BaseFund weights vary quite a bit, while those obtained with CRM are more stable with time. The realized risk of the three optimal portfolios generated from this optimization are given in Exhibit 30. Although there is risk underestimation in all of these leveraged unconstrained portfolios, the custom model best captures the risk associated with the alpha factors, so it best represents the alpha signal in the final portfolio. We would like to highlight the intuitive performance attribution(PA) summary that is given by the custom risk model in this section. We ran two performance attribution tasks on the Alpha1-BaseFund portfolio using the BaseFund and the CRM risk models in turn. Recall that this portfolio was generated with the Alpha1 signal and the BaseFund risk model. Exhibit 31 reports the summaries from these PA tasks. Clearly, BaseFund PA summary assigns most of the active return of this portfolio to the specific returns, which is neither intuitive nor helpful to the portfolio manager. Moreover, this PA summary exaggerates the active returns associated with Axioma styles, countries, and industries. Exhibit 32
E X H I B I T 3 2
Factors with the Largest Exposures in Active Alpha1 Portfolios describes how the style returns are decomposed by the two PA tasks. Clearly, the PA summary with the BaseFund model is assigning some of the returns that are associated with the GLER attributes to some of the Axioma styles. As a result, the true returns associated with the Axioma styles are either exaggerated or diminished.
CONCLUSIONS
We used the GLER study to highlight the important role of custom risk models in addressing the misalignment problem resulting from the interactions between the alpha signal, the risk model, and the constraints in the MVO model. Our custom risk model includes all the components of the alpha signal as factors. We show that custom risk models:
1. Alleviate the risk-underestimation problem. 2. Represent the alpha signal in the portfolio in an optimal risk-adjusted fashion, thereby delivering portfolios with high IR, i.e., pushing the realized frontiers upward. 3. Generate a more intuitive and useful ex-post PA analysis of the portfolio.
ENDNOTES

1
The global cap-weighted benchmark was provided to us by John Guerard, along with the other GLER attributes.
2 Based on Guerard [2013] , we generate Alpha2 and Alpha3 with larger weights to the CTEF and PM attributes, and Alpha4, which also contains the Axioma Growth factor. 
